Five years after the completion of the sequence of the Drosophila melanogaster genome, the number of protein-coding genes it contains remains a matter of debate; the number of computational gene predictions greatly exceeds the number of validated gene annotations. We have assembled a collection of >10,000 gene predictions that do not overlap existing gene annotations and have developed a process for their validation that allows us to efficiently prioritize and experimentally validate predictions from various sources by sequencing RT-PCR products to confirm gene structures. Our data provide experimental evidence for 122 proteincoding genes. Our analyses suggest that the entire collection of predictions contains only Ϸ700 additional protein-coding genes. Although we cannot rule out the discovery of genes with unusual features that make them refractory to existing methods, our results suggest that the D. melanogaster genome contains Ϸ14,000 protein-coding genes.
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gene number ͉ validation ͉ genome annotation T he total number of protein-coding genes in the Drosophila melanogaster genome remains a subject of debate. Whereas those who curated the D. melanogaster genome concluded that the annotated 13,659 genes in the 3.1 release likely constitute 95% of all protein-coding genes (1), others researchers have concluded that many, possibly thousands, of protein-coding genes remain unannotated (2) . Two issues have fueled the debate surrounding gene number in D. melanogaster: the large numbers of computational gene predictions located within intergenic regions and varying standards of experimental evidence for concluding that a gene prediction corresponds to a real gene.
As of release 3.1, Ϸ50% of the D. melanogaster genome is intergenic. Running the gene prediction program GENSCAN (3) on every intergenic region in the D. melanogaster genome results in 10,644 gene predictions spread amongst 62 megabases (Mb) of annotation-free sequence. Surely some of these predictions are real, but how many? The best way to answer this question is to subject a representative sample of the gene predictions to some validation procedure.
The design and interpretation of experiments intended to assay expression of genes that have been predicted computationally have become controversial. One approach is to rely on hybridization to microarrays or RT-PCR assays for transcript expression (2) , with the detection of a product by agarose gel electrophoresis taken as confirmation of the corresponding gene prediction. However, as our results show, unless the diagnostic PCR product includes a splice junction, amplification of residual genomic DNA and detection of unprocessed transcripts may lead to false verifications of gene predictions. It has also been critical to determine the sequence, and not just the size, of the PCR products (4) .
One way to obtain spliced cDNAs for sequencing is to perform RT-PCR with a 3Ј-oligo(dT) primer and an upstream PCR primer located in the prediction's 5Ј-most exon. The advantages of this approach are that it requires only a single, prediction-specific oligonucleotide (oligo) and that the sequenced PCR product provides much useful information about transcript structure. A disadvantage is that the limited processivity of reverse transcriptase can make it difficult to obtain products from long transcripts. Another approach (5-7), the one that we have pursued, involves designing two PCR primers to a pair of flanking exons. This approach circumvents the problems associated with obtaining PCR products from long transcripts, but it provides less information about transcript structure.
One drawback to all of these approaches is that they are labor intensive. Microarray-based validation assays offer a possible alternative in this regard. Hild et al. (2) recently reported the identification and validation of 2,636 previously unrecognized D. melanogaster genes, based on a microarray-based approach that involved hybridizing randomly primed cDNA against probes corresponding to a large set of FGENESH predictions. Microarray-based approaches scale well when large numbers of gene predictions need to be verified. As our results show, however, one drawback of this approach is that it is unable to distinguish ''background'' transcription from the generation of properly processed, discrete transcripts.
We have constructed a pipeline for validation of gene predictions, no matter what their source (computational gene-finder, human annotation, etc.) that allows us to subject every potential gene to the same procedures of oligo design and validation. This approach produces consistent and standardized results and makes possible more accurate estimates of how many genes in D. melanogaster remain unannotated.
Because testing every prediction in our collection would be very labor intensive, we also sought to develop the means to identify and prioritize for validation those predictions most likely to test true. Toward this end, we explored both homology and gene structure as means to prioritize predictions for validation. Below, we describe our results to date on a collection of GENSCAN and FGENESH predictions, existing genome annotations, and gene predictions recently ''confirmed'' by a microarray-based validation approach (2) . We conclude that our collection of gene predictions contains only Ϸ700 additional protein-coding genes.
Materials and Methods
Priority Scores and Primer Design. Our validation strategy required us to identify the best pair of exons within which to locate primers. We developed a fuzzy logic (8) algorithm to accomplish this task. Abbreviations: Mb, megabases; oligo, oligonucleotide; sjc, splice-junction conserved.
Data deposition: The sequences reported in this paper have been deposited in the GenBank database (accession nos. CX309415-CX309654).
Fuzzy-logic algorithms have been used with success in a variety of problems, from antiskid braking systems for Boeing aircraft to genomic analysis (9) . The approach is especially well suited to situations wherein little training data exists but considerable expert knowledge is available (see the supporting information, which is published on the PNAS web site). We used PRIMER3 (10) to pick primers that were within 50 bp of the predicted exon splice junction.
Partitioning Subsets of Predictions for Verification. For purposes of our analyses, we defined intergenic regions as those regions between two genes on either strand. Introns, even if they contained a gene, were classified as genic regions. GENSCAN (3) RT-PCR product sequence reads were quality-trimmed as described in ref. 14. Short (Ͻ160 bp) and poorer-quality sequence traces were read manually. For other low-quality reads, we used PHRED to call bases and score quality. RT-PCR and oligo sequences were aligned to the genomic sequence by using SIM4WRAP (11) . Matches were filtered by using the BERKELEY OUTPUT PARSER (11) . The control, GENSCAN, FGENESH, and Heidelberg (2) predictions and associated oligos were loaded into a modified release 3.1 gadfly database, and each prediction was visualized with aligned RT-PCR products and oligos by using the APOLLO genome annotation browser and editor (15) . In some cases, poor RT-PCR product sequence quality required manual National Center for Biotechnology Information BLASTN (16) comparison against the release 3 genomic sequence. When the sequence corresponded to a spliced mRNA transcript, the prediction was scored as ''sequence validated'' and checked against release 3.2 of the annotated genome in the FlyBase database (17) . For those validated genes not annotated in release 3.2, a gene model was curated and communicated to FlyBase (17) . See the supporting information for details of replication of RT-PCRs described by Hild et al. (2) and analysis of RT-PCR products of unexpected size.
Results and Discussion
A Collection of >10,000 Nonoverlapping Gene Models Representing Potentially Unannotated Genes. Because our pipeline for gene prediction validation is independent of any particular source of predictions, we assembled a large collection of potentially unannotated genes derived from multiple sources. Our primary source consisted of 10,644 GENSCAN predictions lying within intergenic regions in the D. melanogaster 3.1 release. These predictions were obtained by running GENSCAN over the complete set of intergenic regions whose repeats had been masked by using REPEATMASKER (www.repeatmasker.org). Excluding all single exon predictions (because these are unsuitable substrates for our validation procedure) resulted in a set of 9,811 multiexon GENSCAN predictions. We then sought additional predictions that did not overlap any of our GENSCAN predictions from a set of 1,167 FGENESH predictions produced by using a modified version of the program especially trained for use on D. melanogaster (18) , which gave an additional 325 predictions, for a total of 10,136. To these we added 1,266 multiexon gene models located in intergenic regions reported by Hild et al. (2) to consist of previously unrecognized protein-coding genes that had been validated by the microarray-based approach; however, all but 37 of these overlapped one of the 10,136 predictions generated by GENSCAN or FGENESH.
Experimental Strategy. Our experimental approach required that we design two exon-specific primers for each gene model, but to which pair of exons? We reasoned that regardless of the particulars of the gene-finder that produced the prediction, the longer the open-reading frame, the less likely it is to occur by chance, and, therefore, the more likely it is to actually encode a protein. The fact that experimentally confirmed exons tend to be longer than GEN-SCAN-predicted exons in gene-containing regions and much longer than the GENSCAN-predicted exons in intergenic regions (data not shown) supports this hypothesis. If the gene model is the product of human annotation, its longer exons are still the better choice, because they afford more leeway for optimal primer placement with regard to sequence complexity and melting temperatures. We also sought whenever possible to design primers to exon pairs that flanked introns whose length was as close as possible to the modal intron length in D. melanogaster, because these exon pairs, we reasoned, comprise the portion of the prediction most likely to be correct. Finally, given a prediction with two otherwise identical sets of exon pairs flanking introns of the same length, we selected the 3Ј-most exon pair, which would be relevant if using oligo(dT) to prime reverse transcription reactions. However, because we used gene-specific primers for both the RT and PCR steps, this criterion was not pertinent to the experiments described here. Given these three criteria (exon lengths, intron lengths, and distance of the exon pair from the prediction's 3Ј-end) we were then faced with the issue of how to weigh each criterion when choosing which exons to use for primer design. To address this problem, we developed a fuzzy-logic (8) algorithm that considers ideal two exons, both Ϸ300 nt or longer, that flank an intron of Ͼ70 but Ͻ200 nt in length. The algorithm considers each exon pair and scores it relative to this ideal. We then used PRIMER3 (10) to design a matched pair of primers to the high-scoring pair of exons. One consequence of this approach is that each gene model in our collection now had a score associated with its potential PCR product (see the supporting information) independent of the original gene prediction program. If our reasoning as to what constituted a likely pair of real exons was correct, then, on average, those gene models whose PCR products were assigned a high score would be more likely to validate than would those gene models whose PCR products had received a low score. Thus, we were able to investigate whether these scores would prove useful not only in estimating the number of true positives in a collection of gene models, but also for prioritizing predictions for validation; hence, we dubbed them ''priority scores.'' Our validation procedure entailed an RT-PCR assay with these gene-specific primers to amplify a portion of a predicted transcript. Both poly(A) ϩ and total RNA isolated from whole animals representing a broad range of Drosophila stages served as templates for the RT-PCRs. Any RT-PCR product whose size corresponded to the respective prediction was gel-purified where necessary and then sequenced and aligned to the genome to verify its identity and exon structure. In addition, all unique RT-PCR products, regardless of relation to predicted size, were analyzed at this level. In a pilot experiment, 105 of the RT-PCRs that produced no band were sequenced; of these, none verified the tested prediction, so we decided not to sequence reactions that did not produce a band on an agarose gel. Only PCR products reflecting transcript splicing were considered to verify gene predictions. If a reaction did not yield specific products, that negative result was only included in our analysis in cases where the corresponding primers were shown to produce the expected amplicon from genomic DNA in a control PCR (see the supporting information). We are aware that this rigorous requirement will result in our discarding a significant number of true negatives and thus result in an overestimate of the percentage of gene models that validate, because many of the primer pairs will fail to amplify genomic DNA simply because the lengths of intervening introns make the amplicons prohibitively large. In fact, the median expected size for genomic products for those reactions that failed this test (2,824 bp) was Ͼ5 times that of those that passed (510 bp).
The Collection Was Partitioned into Four Subsets for Validation
Purposes. Because we originally had no data as to how indicative our priority scores might be of a gene prediction's likelihood to be experimentally validated, we subdivided our working prediction collection on the basis of sequence homology rather than priority score, hypothesizing that frequency of experimental validation would also correlate with extent of interspecies sequence conservation (Table 1) . To identify genes with sequence conservation, we first searched each of the 9,811 GENSCAN and 375 FGENESH predictions in our collection against the Drosophila pseudoobscura genome by using TBLASTN in an effort to identify those predictions having at least two conserved exons. We identified 559 predictions satisfying this criterion.
Next we subjected each of these predictions to a more stringent analysis: testing for evidence of conserved splice junctions at the same position in the D. pseudoobscura genome. We termed those that met this criterion the ''sjc set'' (''splice-junction conserved'') because each has at least two adjacent exons, both with homology to D. pseudoobscura, flanking conserved donor and acceptor sites. We tested 171 (Table 1) . Those predictions with two conserved exons but without evidence for a conserved splice junction were called the ''homol-2 set,'' and we tested 209. For both the sjc set and homol-2 set, we forced our exon selector algorithm to design oligos to the best-conserved pair of exons and kept track of their priority scores.
The remaining 9,577 GENSCAN and FGENESH predictions with at most a single exon with D. pseudoobscura conservation constitute the ''homol-0 set.'' We selected predictions such that one-quarter had priority scores Ͼ75, one-quarter had scores between 75 and 50,
We then tested 160 genes from the 1,266 previously unrecognized multiexon genes reported by Hild et al. (2) to have been verified based on expression detected by microarrays. We chose those with the highest priority scores that did not overlap any of the gene predictions for testing from the sjc, homol-0, or homol-2 datasets; we termed this the ''Heidelberg set.'' Finally, we collected a set of 159 existing genome annotations for which we were particularly certain of the gene structures. All have at least one published cDNA sequence confirming their annotated transcript's intron-exon structure and no conflicting EST or cDNA sequence evidence. These genes constituted our control set.
Validation Results. The results in Table 1 show that whereas gene models with homology in D. pseudoobscura are more likely to test true, simple sequence conservation (across the evolutionary distance separating D. melanogaster from D. pseudoobscura) is not as useful in determining that a gene prediction corresponds to a real gene as exon-intron structure conservation. Gene predictions having at least one conserved splice junction in D. pseudoobscura (sjc set) were Ͼ2.5 times as likely to validate as those lacking a conserved splice junction but having two (partially) conserved exons (homol-2 set). In this regard, our results accord well with previous analyses of human and rodent predictions (4), which also found conservation of gene structure to be the most powerful in silico diagnostic of how likely a gene prediction was to reflect the structure of a real gene.
Only 11% of the Heidelberg set was validated by our criteria. We do not believe this low rate of validation reflects limitations of our experimental approach because we were able to confirm the existence of nearly all (154͞159) of the genome annotations contained in our control set. Based on EST frequency data (35 of the 159 have no associated ESTs), we know that not all of the genes in our control set were highly expressed genes, yet they were still detected in our assay. We also observed a relatively high percentage of verified genes, 37.4%, in the sjc set. To verify the sensitivity of our RT-PCR conditions, we replicated the secondary RT-PCR validation protocol described by Hild et al. (2) for 22 gene models for which they reported positive RT-PCR results; we also were able to obtain positive results for 21 of 22 (95%) of these, confirming that our assay conditions are able to detect previously unrecognized Drosophila transcripts at a comparable rate, and none of these produced a band in control reactions lacking reverse transcriptase. Thus, although we were able to confirm that a high percentage of the Heidelberg gene models overlap transcribed regions in the genome, our results suggest that only a small fraction of these transcribed regions give rise to spliced mRNAs. Therefore, we do not dispute the data reported by Hild et al. (2) , only their interpretation that a high percentage of these gene models represent previously unrecognized protein-coding genes.
The distributions of priority scores associated with the four different sets also suggest that the Heidelberg set contains few previously unannotated protein-coding genes. As can be seen in Fig. 1 , the priority score distribution associated with our control set is very different from that of the 9,811 multiexon GENSCAN predictions included in our collection. The mode for the priority score distribution for the control set was 80, twice that of the GENSCAN predictions; likewise, validated predictions (sjc set, homol-2 set, and homol-0 set) also tend to have higher priority scores (Fig. 1B) . On the other hand, the distribution of priority scores for the Heidelberg set (Fig. 1C) is nearly indistinguishable from that of the 9,811 GENSCAN predictions. Thus, the data shown in Fig. 1 provide additional support for our conclusion that the Heidelberg set contains few genes that produce spliced mRNAs. Taken together, these facts suggest that the microarray-based validation procedure used by Hild et al. (2) has a high false positive rate and that priority scores and homology, especially conservation of a splice junction, are better indicators that a gene prediction produces a spliced mRNA.
Overall, homol-0 set gene models had the lowest validation rate (5.9%). Recall that for testing, we randomly selected predictions such that each quartile had scores of 0-25, 25-50, 50-75, or 75-100, and we tested a total of 204 predictions. None of the predictions having priority scores Ͻ25 validated; 3.3% of the predictions with priority scores between 25 and 50 validated; 10% of the predictions with priority scores Ͼ50 but Ͻ75 validated; and 10.2% of those with scores Ͼ75 validated. Overall, the validation rate of the homol-0 set was half that of the Heidelberg set. We chose for inclusion in the Heidelberg set gene models from Hild et al. (2) having high priority scores; thus, the higher percentage of verified genes in the Heidelberg set reflects this selection bias, because it is similar to the validation rate of the highest scoring homol-0 predictions.
Estimating the Number of Protein-Coding Genes That Remain Unan-
notated. We have experimentally tested 744 gene models: Ϸ7% of our total collection. We can estimate the total number of proteincoding genes contained in our collection by using these results (Table 1) to estimate what percentage of the 9,373 homol-0 set, 153 homol-2 set, and 26 sjc set predictions, which were not directly tested, correspond to real genes. These extrapolations suggest that 553 homol-0, 21 homol-2, and 8 sjc gene predictions (a total of 582) would validate by our approach. Including the 122 experimentally validated gene models gives an estimate that 705 protein-coding genes remained unannotated at the time of the 3.1 release. (Ninetyseven percent of the Heidelberg predictions overlap one of our gene prediction sets and are thus included in the above estimate.)
As Fig. 1 demonstrates, priority scores do indeed indicate how likely a gene model is to be validated, regardless of the means used to produce it. To obtain a second estimate of the remaining number of unannotated genes, we investigated the use of priority scores to estimate the number of real genes contained in a collection of predictions. To do so, we first partitioned the remaining untested 9,552 GENSCAN and FGENESH gene predictions and the remaining untested 1,106 gene models from Hild et al. (2) into four bins based on their priority scores: Ͻ25, 25-50, 50-75, and 75-100. We then multiplied the number of genes in each bin by the observed frequency of validation for our 204 tested homol-0 genes: 0 for the first quartile, 0.033 for the second, 0.1 for the third, and 0.102 for the fourth. This approach gave an estimate of 404 additional real genes among the untested GENSCAN and FGENESH predictions; 20 additional genes are predicted from the Heidelberg set, but, as mentioned above, these are likely to be redundant of those in the GENSCAN and FGENESH predictions. Adding the 122 experimentally validated gene models places the total number of unannotated genes at Ϸ572, a 20% decrease compared with the number of 705 derived by extrapolation of the data in Table 1 as described above. Nevertheless, because we wished to obtain a reasonable upper bound for the number of genes our collection might contain, we choose 705 as a working estimate for the additional considerations presented below.
A factor not addressed by any of our analyses is how many single-exon genes remain unannotated. Because these are not substrates of our validation procedure, none were tested. Running GENSCAN over all 62 Mb of intergenic sequence produced 833 single exon genes. By definition, these single exon genes fall into the homol-0 class. Because there is no evidence that single exon gene predictions are more accurate than multiexon predictions, the validation rate (5.9%) of the homol-0 genes would give 49 additional genes, to bring the estimated number of unannotated proteincoding genes in the 3.1 release to Ϸ750.
We also considered the possibility that some additional genes might reside among the unvalidated sjc predictions, but we do not believe this to be true. To address this possibility, however, we searched every sjc prediction's predicted protein against the GenBank nonredundant protein database. Ninety percent of the validated sjc predictions have a significant hit (expect Ͻ1e Ϫ4 ; default WU-BLASTP parameters) to a non-Drosophila protein, whereas only 21% of the unverified sjc predictions do. Thus, the validated sjc predictions are highly enriched for protein homology relative to the unvalidated remainder; this finding suggests that much of the homology associated with the unvalidated sjc predictions is noncoding. Moreover, given the extensive genomic sequence conservation between the two Drosophila species and the large numbers of false positives in our collection of gene models, we find it unsurprising that 1% (133͞10,136) of the GENSCAN and FGENESH predictions would have significant, noncoding homology to D. pseudoobscura, the details of which were consistent with conserved GT and AG dinucleotides at predicted exon borders. Thus, we believe that most of the unvalidated sjc predictions are indeed true negatives, although we cannot rule out the possibility that some fraction of them may correspond to real genes whose expression is spatially or temporally very limited.
A final issue to consider is how many of these 750 or so genes represent previously unrecognized genes as opposed to merely unannotated 5Ј and 3Ј exons of existing annotations. It seems reasonable to assume that some of our validated predictions are, in fact, unannotated portions of known genes. Assuming that 10% are missed exons rather than genes, a conservative estimate, considering that Stolc et al. (13) have concluded that the number may be as high as 32% (because 369 of 1,155 expressed GENSCAN exons they tested belonged to existing annotations), would bring the number of genes in our extrapolation to 675.
Priority Scores Provide a Means to Manage a Validation Pipeline in a
Cost-Effective Manner. The large numbers of predictions in our collection relative to the small number of real genes contained within it means that identifying which of the remaining 10,658 untested predictions is real is potentially an inefficient and labor intensive task. In principle, the scores provided by each gene-finder might be used to prioritize predictions for validation, but if the models are derived from several gene-finders, relating individual gene-finder scores to one another becomes a complex problem. We therefore examined the utility of the priority scores assigned by our primer-design algorithm as a general method to score gene models independent of their original source. As Fig. 2 shows, 50% of all true positives could be obtained from our collection of 10,136 GENSCAN and FGENESH predictions in the first 1,000 PCRs by using priority scores; choosing models randomly would require 5,068 PCRs to obtain the same number of true positives. Thus, our approach can be used to prioritize predictions for validation in a cost-effective manner such that a greater number of previously unrecognized genes can be identified with fewer PCRs.
Conclusions
Our goal was to obtain an accurate estimate of the number of predicted protein-coding genes left unannotated in the D. melanogaster genome as of release 3.1. Toward this end, we assembled a large collection of putative unannotated, multiexon protein-coding genes located within intergenic regions: 9,811 GENSCAN predictions, 375 FGENESH predictions, and 1,266 purportedly previously unrecognized protein-coding genes that had been validated by a microarray-based approach (2) . To consider a prediction experimentally verified, we required that the sequence of a corresponding RT-PCR product align specifically to the prediction and reveal evidence of transcript splicing.
One drawback to our validation approach is that it is labor intensive. Our collection of gene predictions was large and, we suspected, contained few true positives. These issues made highly desirable any in silico method capable of identifying gene predictions likely to be real, because it would allow us to test these predictions first. Accordingly, we explored several such measures: homology, conservation of gene structure, and priority scores. Overall, those predictions having at least one conserved splice junction when compared with D. pseudoobscura validated at the highest rate, 37.4% (Table 1) . We found simple sequence conservation to be a much less reliable in silico indicator of gene predictions' validation rates than conservation of gene structure. Only 13.4% of gene models with two partially conserved exons but lacking evidence of a conserved splice site in D. pseudoobscura verified. Expression of spliced transcripts was detected for only 11.3% of the predictions represented by the Heidelberg set. It appears that our requirement that diagnostic RT-PCR products represent spliced transcripts accounts for the difference in our validation rate from that of the Heidelberg group. Although those predictions may overlap transcribed regions of the genome, our evidence suggests that only Ϸ11% of those predictions actually correspond to mRNAs. The generally low priority scores assigned to the Heidelberg set by our methods are further consistent with our verification rate.
Overall, 16.4% of the gene predictions tested proved valid. We believe that these 122 previously unrecognized transcripts comprise Ϸ18% of all real protein-coding genes within our collection of gene models. Our reasons for believing so are twofold. First, the high rates of validation associated with the sjc and homol-2 sets suggest that homology, especially conservation of gene structure, is a good indicator that a gene prediction actually reflects a real gene. We tested the majority of such predictions; therefore, the 9,552 predictions that remain untested are probably greatly depleted for true positives. Second, the low rate of validation (5.9%) associated with the homol-0 set independently suggests the same conclusion. Extrapolating from the validation rate of the homol-0 set or using the more sophisticated method that makes use of priority scores gives similar results; both suggest that our collection of gene predictions contains Ϸ700 protein-coding genes. Analysis of our findings compared with the more recent FlyBase annotation release 3.2 (17) suggested that 34% of our 122 previously unrecognized genes were included in this release. Thus, we conclude that our collection of gene predictions provides no evidence to support the notion that D. melanogaster has more than Ϸ14,000 protein-coding genes.
We discovered that sequencing was crucial to our verification procedure. For a small fraction of our predictions that gave an expected RT-PCR product size on an agarose gel, the sequenced products aligned not to the predictions but to other regions of the genome, usually highly expressed, previously annotated genes, suggesting that these products were due to mispriming on abundantly expressed genes. Another 153 RT-PCRs yielded unique products of unexpected size (see the supporting information). Sequencing indicated that Ͼ40% of these products aligned to a different part of the genome, and another 12% verified a spliced transcript, but the details of exon-intron structure were incorrect in the original prediction. Thus, one must use caution when interpreting the results of studies examining expressed regions of the genome by hybridization to microarrays or sizing RT-PCR products. Without a sequenced product or sufficient microarray hybridization specificity, one might interpret a positive signal as a previously unrecognized gene, when it is actually cross-hybridization to, or mispriming from, an already annotated gene.
How justified are we in concluding that 95% of all D. melanogaster protein-coding genes have been identified and at least provisionally annotated? Certainly, there is no shortage of untested predictions. However, if our estimates are correct, experimentally testing all 9,552 remaining gene predictions would identify only about another 500 genes. Moreover, implicit in our approach is the assumption that demonstrating the existence of a spliced transcript that has the capacity to encode a polypeptide constitutes proof of the existence of a gene, which may not always be the case. We believe that our results allow us to conclude that only a few hundred D. melanogaster proteincoding genes that are identifiable by using homology or commonly used gene-finders remain unannotated. Thus, we believe that the results presented here put to rest arguments that would claim that some massive, previously unrecognized subset of GENSCAN or FGENESH gene predictions is real. No doubt there are still more D. melanogaster genes to be discovered, but these genes probably don't look like the traditional protein-coding genes found by GENSCAN and FGENESH. Some, for example, may be nested among the introns of existing annotations; our approach would have missed these from the outset. Finding the remaining protein-coding genes will require new strategies, and it seems likely that these new strategies will entail searching very large collections of gene models for a small number of additional genes. Thus, the approach to large-scale prediction-validation that we have presented here should provide an effective infrastructure for the next round of gene identification, as well. In the quest to identify previously unrecognized genes, however, it should not be forgotten that the details of most genome annotations remain provisional, awaiting verification by cDNA sequencing. Clearly, another way forward is to employ a pipeline such as we describe for the directed, high-throughput confirmation of the details of a genome's annotations.
We believe our results also speak to the ongoing debate about estimating gene numbers in other metazoan organisms. The distribution of GENSCAN exon probabilities within intergenic regions of the D. melanogaster genome closely approximates those that we obtained by performing the same analysis on random sequence (Fig. 3) ; the short exons and lax requirements for splicing, characteristic of most large eukaryotic genomes, mean that gene-like structures will occur in any sufficiently large intergenic region simply by random chance. Thus, the existence of large numbers of computational gene predictions does not make a compelling case for the presence of additional genes. Moreover, in humans (19) and Drosophila (13), a much larger proportion of the genome is transcribed than previously appreciated, which means that spurious gene predictions will often fall within transcribed regions simply by chance; thus, showing that a gene prediction is transcribed is not sufficient to validate a gene model. Gene predictions must be subjected to rigorous validation before being promoted to the status of annotations. Finally, our observations may also suggest a mechanism for the evolution of new genes. Gene-like structures occur by chance in DNA, and transcription is promiscuous, raising the possibility that, on an evolutionary time scale, new protein-coding genes may be produced ''spontaneously'' within genomes. 
